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Introduction
Although there is a widespread agreement about the use of VaR as a general measure of market risk and the economic loss that banks and other financial institutions may suffer due to exposure to the market risk, there is no consensus on the preferred approach to VaR's calculation. The difficulties in obtaining reliable VaR estimates derive from the fact that all the existing approaches involve certain compromises and simplifications (Boudoukh, Richardson and Whitelaw, 1998) . They are based on certain assumptions which greatly simplify the real market conditions. The assumptions on which these approaches are based represent a compromise between the efficiency of implementation, on one hand, and the statistical precision of market risk estimates on the other. Hence, determining the best approach to VaR estimation is an empirical question and a question of implementation. In other words, the choice of the optimal approach represents a decision between the efficiency of implementation and the statistic reliability of the approach. It may depend on the number and types of assets in portfolios and their sensitivity to changes in risk factors. The validity of the VaR models application primarily depends on a degree of compatibility between the characteristics of the real environment and the assumptions on which the models are based. Apart from that, the VaR estimates do not always fulfill all the characteristics of the coherent risk measures. The VaR estimates do not universally exhibit sub-additivity. The risk of a portfolio can be greater than the sum of the stand-alone risks of its components.
Despite the significant differences which derive from the differences in theoretical postulates on which approaches are based, a common feature of the most popular VaR approaches is their inability to be simultaneously effective in capturing leptokurtosis and strong time-varying volatility. In general, it can be said that nonparametric approaches are effective in capturing kurtosis and fat tails, but they will not be successful in capturing heteroscedasticity. On the negative side, nonparametric approaches depend too much on the historical data set, react slowly to changes in the market and are subject to predictable jumps in their forecasts of volatility (Zikovic, 2010) . On the other hand, parametric approaches can be expected to be successful in capturing the dynamics of the time series of returns, but also quite unreliable when empirical distribution is deviates from the theoretical.
Since many empirical studies of the emerging markets show that the series of returns are characterized by excess kurtosis when compared to normal distribution (extreme financial returns are more likely than the normal distribution implies), they show a significant degree of autocorrelation and heteroscedasticity. It means that VaR approaches which are based on constant volatility, such as the Historical Simulation approach (HS), or VaR approaches that take simple techniques of modeling conditional volatility, such as equally weighted and exponentially weighted (e.g. RiskMetrics) models, will not be able to capture adequately the dynamics of returns in these markets (to be noticed that some authors, such as Schittenkopf, Lehar and Scheicher (2002) , Harmantzis, Miao and Chien (2006) claim that complex techniques of modeling conditional volatility bring no significant improvement to VaR estimates in conditions of high volatility). This means that, in the context of emerging markets, some popular and most widely used VaR approaches are based on false assumptions. This is very indicative for risk management in banks and other financial institutions, because when elementary assumptions of most VaR approaches are not satisfied, VaR estimates will be unreliable and, at best, they can only provide unconditional coverage. The optimal approach for emerging markets is the one that can equally well capture both leptokurtosis (excess kurtosis) and time-varying volatility (heteroscedasticity). In order to capture successfully these specifics of emerging markets, it is necessary to design a sophisticated model of conditional volatility, which will also be easy to implement.
Considering these requirements, a new VaR approach for estimating market risk of the portfolio of banks, which operate in emerging markets, has been developed in this paper. The approach is designated as the new hybrid VaR approach based on the EVT. It is based on the solution proposed by McNeil and Fray (2000) in the application of EVT to estimate the market risk. Also, this approach incorporates the solutions proposed by Hull and White (1998) in improvement of HS approach and the solutions proposed by Zikovic (2010) in the development of semi-parametric model to VaR estimation. The approach is designed to combine the best features of HS approach, the application of EVT to VaR estimation and the advantages of GARCH (p,q) model to capture the heteroscedasticity. In other words, the approach is designed to capture successfully the two most conspicuous characteristics of financial asset returns with emerging markets, namely strong time varying volatility and excess kurtosis.
The paper is organized as follows: Section 1 contains the introduction. Section 2 gives an overview of the most significant, recent empirical researches in the area of VaR models. Section 3 presents a theoretical background of the new hybrid VaR approach based on the EVT. Section 4 provides a brief description of the analyzed data, the methodology used and the descriptive statistics of selected emerging markets. The backtesting results are presented in section 5. Since both backtesting tests used in the paper and the Kupiec's and Christoffersen's conditional coverage test are based on certain asymptotic assumptions and don't show the desired characteristics when performed on finite size samples, verification of their results was necessary. The Dufour (2006) Monte Carlo testing technique was used for that purpose. The final section summarizes the conclusions.
Literature Review
The recent studies about the applicability of VaR approaches in the emerging markets in terms of meeting the backtesting rules of Basel Committee, such as the studies conducted by Diamandis et al. (2011), ener, Baronyana and Mengütürk (2012) , Shaban (2012, 2013) , Cui et al. (2013) , Louzis, Xanthopoulos-Sisinis and Refenes (2014) and Del Brio, Mora-Valencia and Javier (2014) , indicate the importance of developing the most appropriate VaR approach for measuring the market risk at the emerging markets. At the same time, they suggest that regulatory authorities should determine the use of approaches which can capture the heavy tails (particularly EVT approach) and discourage or prohibit the use of traditional VaR approaches, especially the Linear, HS and Filtered Historical Simulation (FHS) approaches. In other words, the results of these studies confirm the conclusions of earlier researches conducted by Lucas (2000) , Berkowitz and O'Brien (2002) , Wong, Cheng and Wong (2002) , Gencay and Selcuk (2004) , pointing out that neither the popular nonparametric, hybrid nor parametric approaches can provide reliable VaR estimates when the volatility is not constant over time and that they also cannot manage the extreme events and losses that fall at the end of the distribution tail. The first one to try to design the VaR approach adequate for emerging markets was Zikovic (2005) . Zikovic's approach, known in literature as the Volatility and Time Weighted Historical Simulation approach (VTWHS), represents a simple combination of the two popular VaR approaches, Hull-White's and Hybrid approach, proposed by Boudoukh, Richardson and Whitelaw. Essentially, the approach represents an attempt to exploit the advantages of both approaches. The importance of this approach is reflected in the fact that it is a pioneer work in developing an adequate (optimal) approach to emerging markets. To improve the applicability of the Hybrid approach in emerging markets, Zikovic and Prohaska (2008) developed a procedure to determine the optimal decline factor. They tested the proposed procedure on the example of nine Mediterranean stock markets. The results were very poor. The main reason for this lies in the fact that the Hybrid approach reacts slowly to changes in the basic risk factors, despite its theoretical foundations. Zikovic (2010) suggested the Hybrid Historical Simulation approach (HHS). The HHS approach is based on a combination of a modified recursive bootstrap procedure proposed by Freedman and Peters (1984) and the parametric GARCH approach to volatility forecasting. The HHS approach is easy to implement. It operates with the observed data but is not free of distributional assumption, since the use of nonparametric bootstrapping requests that the observed returns should be identically and independently distributed (IID). The results of Zikovic's (2010) researches show that HHS approach adequately captures market risk in emerging markets of EU new member states. The main flaw of this approach is related to the use of re-sampling methods. An interesting nonparametric approach to VaR estimate has been proposed by Alemany, Bolancé and Guillén (2012) . The approach is based on the double transformation of kernel estimation of the cumulative distribution function. The authors state that the approach is useful for large data sets and that it improves the quantile estimation compared to other methods in heavy tailed distributions (Alemany, Bolancé and Guillén. 2012) . Unfortunately, the approach is more useful for measuring the operating rather than the market risk. Some interesting solutions in capturing the asymmetry of the basic data were also proposed by ener, Baronyana, Mengütürk (2012) and Louzis, Xanthopoulos-Sisinis and Refenes (2014) . Their solutions are based on the view that the validity of VaR approach depends not only on confidence level, as discussed by Beder (1995) and Christoffersen, Hahn and Inoue (2001) , but also on the market conditions. They glorify the EVT approach for dealing with fat tails and extreme returns, which are otherwise typical for the emerging markets. For that reason, ener, Baronyana and Mengütürk (2012) advocate that Conditional Autoregressive Value at Risk by regression quantiles (CAVaiR), proposed by Engle and Manganelli (2004) , should be used combined with the EVT approach, but Louzis, Xanthopoulos-Sisinis and Refenes (2014) suggest that Asymmetric Heterogeneous Autoregressive (Asym. HAR) model, proposed by Louzis, Xanthopoulos-Sisinis and Refenes (2012) and Corsi and Reno (2012) , should be used together with the EVT approach. The results of their researches show that the proposed solutions provide more statistically accurate VaR estimates, which minimize capital charges and allow more efficient capital allocations. However, when using these solutions, it should be considered that they are computationally more demanding when compared to the most commonly used approaches for VaR estimate.
In order to capture both characteristics of the financial data, heavy tails and heteroscedasticity, Bee (2012) Fernandez (2003) . The results of these models' validity tests testify in favor of DHS, which performs very-well, for an extremely high level of confidence. The research covers the developed markets, mainly the EU and the US, so there is no data on the application validity on the models in emerging markets.
The Theoretical Background of the New Hybrid Var Approach Based on the Evt
As announced in the introduction, a new hybrid approach to the estimation of VaR and ES was developed in this paper. The proposed approach is based on the EVT. The starting point in the development of this approach was the fact that heteroscedasticity and the presence of autocorrelation are common features in series of financial data from the emerging markets, as well as the fact that extreme returns in these markets are more likely to appear than the presumption of elliptical distribution implies. Therefore, the basic idea on which the approach is based is that the dynamics of the returns of stock indexes in the emerging markets can successfully be captured by a simple AR(p)-GARCH(p, q) model.
The aim is to generate the standardized (IID) residuals, in order to obtain a stationary, or the IID series of returns which will be suitable for updating the volatility, according to the approach proposed by Hull and White (1998) . The approach provides a coherent measure of risk. The final outcome of the approach is the ES-EVT. One disadvantage of the use of the most popular and widespread approaches to VaR estimation in the emerging markets is that their VaR estimates do not satisfy all the properties of a coherent risk measure. The reason for this is emphasized in the introduction. The final outcome of this approach is the ES-EVT, which is a coherent risk measure.
The approach is easy to understand and implement in practice. The number of parameters that have to be estimated is relatively small, and this number is determined by the GARCH specific structure and by the number of parameters of the extreme value distribution, because the approach is based on the assumption that extreme returns over a defined threshold (u) follow the Generalised Pareto Distribution (GPD) with the tail index (ξ) over 0. This assumption is relevant to the financial data because it suits fat tails.
The implementation of the approach begins from the basic specification of the autoregressive model that the return can be predicted by its past values and process innovations, which follows a white noise process:
(1)
The first step in the implementation of the approach involves fitting the AR(p) model into a series of historical returns, in order to ensure IID residuals:
(2)
In the second step, a GARCH(p,q) model is fitted into the obtained residuals:
In the third step, the residuals (ε t ) obtained by applying the AR(p) model are divided by a corresponding conditional GARCH(p,q) volatility forecast (σ t ), to obtain the standardized residuals (z t ):
The next step implies that the standardized residuals (z t ) are multiplied with the latest GARCH volatility forecast (σ t+1 ) to obtain a series of historical residuals which have been updated for the latest volatility forecast in order to get a series of residuals which reflects the current market conditions {ẑ t+1 } .
After this, the simulated returns are obtained by using the updated historical residual (ẑ t+1 ) in the Equation (1):
Thus obtained returns are suitable to be used for the VaR and ES estimation by applying the EVT.
In the final step, assuming that tail index (ξ) is less than 1, an ES-EVT estimate is obtained by using the following equation:
noting that a VaR cl estimate can be calculated as:
where (k) represents the number of exceedings over the defined threshold (u), (σ) is the scale parameter and (n) the number of observations, or
when the tail index (ξ) is estimated by the Hill estimator.
Such a specified model provides a coherent market risk measure. The main advantage of this approach is its flexibility. It can be used to obtain the semiparametric VaR estimates. In addition to this feature, the model flexibility can be seen through the possibility of applying various ARCH models. If the obtained standardized residuals, which are calculated in the third step, are not IID, some other ARCH model may be applied (i.e. IGARCH, EGARCH etc). The reason why the approach is based on the basic GARCH(p,q) model is that it is the simplest model able to capture the volatility of clusters and leptokurtosis in the data. The other models, despite the fact that they are able to capture the various empirical features of returns and generate reasonably accurate out-of-sample predictions of the entire distribution of future returns or just particular quantiles, as is needed for VaR forecasting, have the drawbacks because they require a relatively large number of parameters that cannot be solved in a closed, analytical form and can result in negative values, where both problems have a negative influence on the maximum likelihood estimate. The more volatility models get complex, the more estimated parameters become unstable, making such models vulnerable to parameter misspecification and model risk (Zikovic, 2010) . A good example of this is the EGARCH(p,q) model suggested by Nelson (1991) . Despite its numerous theoretical advantages over the basic GARCH(p,q) model, the EGARCH(p,q) model is known to be very problematic in practice, with the choice of starting values being extremely critical for successful likelihood maximization (Franses and van Dijk (1996), Johnson, 2001) . Furthermore, some researches, such as the research conducted by Rossignolo, Fethib and Shaban (2012) , showed that the EGARCH(p,q) model did not bring any significant advantage in volatility estimate over the GARCH model in emerging and frontier markets, pointing out that the density assumption was more important than the model specification itself.
The main flaw in the suggested approach comes from the limitations of the application of EVT to VaR estimation. When using the EVT model, we should be aware of its limitations, since it is developed by using the asymptotic arguments, which can create difficulties when applied to finite samples. The critical factor is the choice of the threshold. When applying the EVT, we should be careful about the size of the tail. The choice of the tail size can affect the VaR estimates through its effect on the tail index estimate. This is known as a compromise between the variance and the partiality. See details concerning this issue in the paper presented by Gonzalo and Olmo (2004) .
Data and the Methodology of Analysis
The daily logarithmic returns of the stock indexes of a EU candidate (Serbia) and potential candidate countries (Bosnia and Herzegovina, Macedonia, Montenegro and Turkey) and a EU member (Croatia) were used for the performance analyses of the new hybrid approach. The tested stock indexes are the BIRS (Bosnia and Herzegovina), MONEX20 (Montenegro), MBI10 (Macedonia), BELEXline (Serbia), CROBEX (Croatia) and UX100 (Turkey). For the emerging markets, such as these, an extremely short history of securities trading and the phenomenon of non-synchronous trading can cause serious problems to a reliable statistical analysis. Therefore, to overcome the problem previously mentioned (namely, the short time series of returns of individual stocks and their highly variable liquidity), we use the stock indexes.
The returns are collected from the official stock exchange web sites of these countries for the period between February 2, 2009 and February 2, 2012. These data cover the periods of volatility patterns observed in the EU market. The daily returns of selected stocks are generated using the logarithmic approximation:
where P i,t represents the closing price of asset i on the day t.
The VaR estimates were calculated for one day holding period and for the confidence level of 99 and 95%. The confidence levels were chosen taking into consideration the Basel Accord as well as the basic characteristics of the VaR calculation. The confidence level of 95% is appropriate for application in stable market conditions, while the 99% confidence level is appropriate for application in volatile market conditions. The VaR backtesting period is formed by taking out 253 of the latest observations from each stock index. The rest of the observations are used for volatility model calibration.
At the beginning of the analysis, the characteristics of selected markets for the entire observation period were analyzed. Table 1 gives a summary of the descriptive statistics and normality tests for the entire analyzed sample for all of the stock indexes. The descriptive statistics of the selected stock indexes confirm the results of the recent studies. The stock indexes show a great difference between their maximum and minimum returns. The standard deviations are also high, indicating a high level of fluctuations of the daily returns. The analysis of the selected stock indexes distribution shows that stock indexes have a significantly fatter distribution tails than assumed under normality, ranging from 2,4, in the case of the XU100 index to 9,3, in the case of the MBI10 index. In other words, all the analyzed stock indexes show a significant leptokurtosis. The skewness of all stock indexes is significantly different from zero, which indicates that the stock indexes have asymmetric returns. There is also evidence of negative skewness in the case of XU100, which means that the left tail is particularly extreme. In order to examine formally whether returns follow the normal distribution, we employed the Jarque-Bera test. The value of the Jarque-Bera test indicates that we should reject the null hypothesis of normality providing the evidence that the return series are not normally distributed. The presence of autocorrelation and the presence of conditional heteroscedasticity (the ARCH effect) in returns of the selected stock indexes are tested by their sample autocorrelation (ACF) and sample partial autocorrelation function (PAFC), calculating the Ljung-Box Q statistic and the Lagrange Multiplier test to test the presence of the ARCH effect. The results of these tests, for each of the selected stock indexes, are presented in Table 2 and Tables 3 and 3a in the appendix. As expected, the results of these tests confirm that there is a significant autocorrelation and the ARCH effect in returns. The aforesaid leads to the conclusion that classical VaR approaches couldn't estimate the true risk level in these markets. Since the employed test discovers significant autocorrelation and heteroscedasticity in returns of the selected stock indexes, the original data should be transformed to the IID. As autocorrelation has been detected in both returns and squared returns, the returns should be modeled as an AR-GARCH process in order to deal successfully with both types of dependence. Assuming that the conditional volatility in these markets can be adequately captured by the simplest GARCH(1,1) model, the original data are transformed by applying an AR(p) -GARCH(1,1) .
The parameters of the AR(p)-GARCH(1,1) model were rated by maximum likelihood estimation. The Levenberg-Marquardt algorithm was used to estimate the parameter of the AR(p) model. The maximum likelihood estimation is used to estimate the parameters of the GARCH(1,1) by choosing the parameters that maximize the Gaussian log-likelihood function:
The estimated AR(p)-GARCH(1,1) parameters for each of the selected stock indexes are given in Table 4 . All estimated parameters are statistically significant. There are several methods for estimating the tail index of extreme value distribution from the empirical data. In this paper, we used the Hill estimator because it has more desirable properties than the other estimators:
The crucial step in estimating the tail index is the determination of a threshold (u). The threshold value for each index is determined by applying the rule of thumb for determining the threshold which was proposed by Christoffersen (2011) . Christoffersen (2011) points out that, for big samples, a good rule of thumb is setting the threshold so that 5% of the greatest observations for estimating the tail index should be found in the distribution tail.
The threshold (u) will then simply be the 95th percentile of the data set. This instruction is applied in the paper. The value of thresholds and the maximum likelihood estimates of the tail index and maximum likelihood estimates of the sigma, for each stock index, are presented in Table 5 . 
The Backtesting Results
In this section of the paper the backtesting results of the suggested approach are presented, analyzed and discussed. The approach is evaluated in terms of its accuracy in estimating VaR over the last 253 days of the observed period. The approach was tested as follows: first, the daily VaR estimates, which were obtained for confidence levels of 95% and 99%, were compared with the actual return movement that occurred in the backtesting period. In the case where the actual loss on a particular day exceeded the VaR estimate for that day, it was concluded that a VaR break had occurred. Then, the number/percentage of the VaR breaks over the backtesting period of the 253 days was established. According to Jorion (2006) , in a good model the percentage of VaR breaks should be equal to one minus the level of confidence. In this case, it means that the number of VaR breaks mustn't exceed 3 at a 99% confidence level (1% of VaR estimates total number), i.e. not more than 13 VaR breaks at a 95% confidence level (5% of VaR estimates total number).
The number/percentage of VaR breaks at a 95% and 99% confidence levels over the backtesting period, separately for each of the selected stock indexes, are given in Table 6 . As it can be seen in Table 6 , percentages of VaR breaks are lower than the theoretical percentage values in all of the six emerging markets. The exception appears in the case of the MBI10 stock index at a 99% confidence level. The approach showed the best performances in the case of the BIRS index, since no VaR breaks were made at a 99% confidence level over the backtesting period of the 253 days and in the case of the CROBEX index at a 95% confidence level. In the case of the MBI10 stock index at a 99% confidence level, the number of breaks is equal to the expected frequen-cies of VaR breaks. For this reason, the percentage of breaks is higher that the theoretical value.
In order to determine whether the percentage of VaR breaks can be considered as equal to the theoretical value, we employed the unconditional coverage test introduced by Kupiec (1995) . The Kupiec's test of the unconditional coverage represents the most widely used model for testing the VaR approach validity. The idea behind this test is that the frequency of VaR breaks should be statistically consistent with the probability level for which VaR is estimated (Samanta et al. 2010) . In this paper we used the Kupiec's test at 5% significance level, because a significance level of this magnitude generates clear evidence about the validity of the approach and implies that a model should be rejected only if the evidence against it is reasonably strong. The following likelihood ratio test was employed to test null hypothesis:
where (p) is the tail probability (or the VaR coverage rate).
The backtesting results for VaR at the 95% confidence level are presented in Table 7 . As can be seen from Table 7 , the approach satisfied the Kupiec's test at the 5 percent significance level in all of the six emerging markets. Although it is very informative to look at VaR approach performance at different con fidence levels, the true test of the VaR model acceptability to regulators is its perfor mance at 99% confidence level, as prescribed by the Basel Committee. The backtesting results for VaR at the 99 % confidence level are presented in Table 8 . As can be seen from Table 8 , in all of the six emerging markets, the approach satisfied the Kupiec's test at the 5 percent significance level.
However, one of the basic disadvantages of the Kupiec's test is that it considers only the number of VaR breaks and not the time when they occur. In other words, a shortcoming of this test is that it focuses exclusively on the unconditional coverage property of an adequate VaR measure and does not examine the extent to which the independence property is satisfied. The Kupiec's test is based on the assumption that the VaR estimates are efficient, which means that they incorporate all the information known at the time of the forecast. The history of VaR break does not give any information whether the VaR break will happen again or not. As a result it is expected that the probability of occurrence of a new VaR break after the previous one is the same as the probability of its occurrence after the days in which the VaR break did not occur. In other words, the test was based on the expectation that the VaR break would be evenly distributed over the backtesting period. This is equivalent to the assumption that risk forecasts will be independently distributed over time. That is why the time of the VaR break occurrence is not important and it focuses only on the unconditional coverage. The independence property of VaR breaks is nevertheless an essential property because any measure of risk must adapt automatically and immediately to any new information which entails a new evolution in the dynamics of asset returns. If the approach ignores such dynamics then the VaR will react slowly to changing market conditions and VaR breaks will appear clustered in time. The consequence of the exposure to the series of consecutive VaR breaks (clusters) can be just as problematic as the systematic incomplete reporting on exposure to market risks. The risk of bankruptcy is considerably greater than in the situation in which VaR breaks are evenly distributed over time. Hence, the perfect VaR approach needs to satisfy both properties. This is why we employed the Christoffersen's conditional coverage test in the paper in addition to the Kupiec's test (Christoffersen, 2001 ):
where LR ind = −2ln 1− π ( )
The number of days when after a no VaR break day occurred a no VaR break day (T 00 ), i.e. when after a no VaR break day occurred a VaR break day (T 01 ), i.e. when after a VaR break day occurred a no VaR break day (T 10 ), when after a VaR break day occurred a VaR break day (T 11 ), and their probabilities are given in Table 9 in the Appendix. The Christoffersen's conditional coverage test results for VaR at the 95 and 99 percent confidence levels are presented in Table 10 . As can be seen from Table 10 , in all of the six emerging markets the approach satisfied the Christoffersen's conditional coverage test at the 5 percent significance level. Notice: In the cases where the sample has T 11 = 0 (there are no consecutive VaR breaks), an alternative formula was used in the paper to calculate the first-order Markov likelihood (see Brandolini and Colucci, 2013) . Source: Authors' calculations.
A significant disadvantage of these tests is reflected in the fact that they have a questionable statistical power for the sample size defined by the Basle Accord. Both of these tests are developed using asymptotic arguments, which can create difficulties when applied to finite samples. Namely, the LR uc test is asymptotically distributed as χ2 with one degree of freedom under the null hypothesis that the tail probability (p) is the true probability. The LR cc test is asymptotically distributed as χ2 with two degrees of freedom under the null hypothesis that the hit sequence is IID Bernoulli with the mean equal to the VaR coverage rate. Asymptotically, that is as the number of observations, T, goes to infinity, the LR uc test will be distributed as a χ2 with one degree of freedom. It is the same with the LR cc test. In large enough samples, the LR cc test will be distributed as a χ2 with two degree of freedom. Many authors, such as, Christoffersen and Pelletier (2004) , Hurlin et al. (2008) , Berkowitz, Christoffersen and Pelletier (2008) , Ziggel et al. (2013) , have shown that when the number of VaR breaks is small, there are substantial differences between asymptotic probability distributions of the considered tests and their finite sample analogues. Hurlin et al. (2008) state that the use of asymptotic critical values based on a χ2 distribution induces important size distortions even for relatively large sample. Therefore they point out that in case of a small sample size, (as in sample size defined by Basle Accord), i.e. in case of a small number of VaR breaks (T 1 ), which are the informative observations, it is better to rely on Monte Carlo simulated p-values rather than on those from the χ2 distribution.
The differences between the finite sample critical values and the asymptotic critical values for both test statistics (the LR uc and LR cc ) are shown in Table 11 in the Appendix. The finite sample critical values for the both test statistics for the lower 1 percent are based on 10.000 Monte Carlo simulations of sample size T = 253. The percentages shown in brackets represent quantiles that correspond to the asymptotic critical values under the finite sample distribution. When tests tend to be oversized in finite samples, it means their empirical distributions will be moved to the right off the theoretical shape; hence theoretical quantiles tend to be too small, translating into increased rejection rates. The opposite happens when the tests tend to be undersized in finite samples. In such case their empirical distributions will be moved to the left off the theoretical shape, which will give undersized rejection rates.
Due to the differences between the empirical and theoretical distribution quantiles, conclusions based on the results shown in Tables 7, 8 and 10 need to be checked. The Dufour (2006) Monte Carlo testing technique (see Appendix B) 1 was used for this purpose. Dufour (2006) proposed the Monte Carlo test procedure which allowed to obtain the null distribution of tests statistics in finite sample setting. The method has a great advantage of providing exact tests based on any statistics whose finite sample distribution is intractable but can be simulated (Malecka, 2014) .
Following the Monte Carlo test procedure: first, 9.999 samples of random IID Bernoulli (p) variables were generated, where the sample size equals the actual sample. Based on these artificial samples, 9.999 simulated LR uc tests were calculated and named L  R uc i
. Finally, the simulated p-values were calculated as the share of simulated LR uc values which are larger than the actually obtained LR uc test value: See the advantages of applying simulation procedure over bootstrap method in Christoffersen and Pelletier (2004) .
The same procedure was repeated with LR cc test. The cases for which the tests were not feasible were rejected in the simulation. Average feasible rates of tests are from 0,868 and 0,872 for 99% VaR to 0,974 and 0,987 for 95% VaR, (for both tests) the LR uc and LR cc , respectively.
The backtesting results rely on the finite sample p-values, they are shown in table 12 and 13.
Based on the results presented in Table 12 and Table 13 we cannot dispute the use of the approach in the capital markets of EU candidate countries and potential candidate countries and Croatia, in terms of the backtesting rules of the Basel Committee. Particularly good results are gained in meeting the Kupiec's test of unconditional coverage. The explanation lies in the fact that the approach is designed in such a way that it can perfectly capture the dinamics in the series of stock returns. 
Conclusion
Given the characteristics of the emerging markets, such as the capital markets of the EU candidate countries and potential candidate countries and Croatia, in this paper we developed, presented and tested a new hybrid approach based on EVT to estimate the market risk of the portfolio of banks and other financial institutions which were operating in these markets. The approach is designed to successfully capture the dynamics in the series of stock returns with emerging markets and to produce the innovations IID. It is based on the AR(p)-GARCH(1,1) model. At the same time, it recognizes the fact that the extreme returns with emerging markets are more likely than the assumption of normality implies.
The nonparametric part of the model enables us to capture successfully the leptokurtosis and the asymmetry, while the parametric part successfully captures the time changeable volatility. Despite the fact that it was designed to successfully capture the strong dynamics in emerging markets returns, this approach isn't computationally intensive as the other approaches which successfully capture the excess kurtosis and the time-varying volatility, and which are based on too many parameters that need to be estimated. The number of parameters which should be estimated in the model is relatively small. The Kupiec's test of unconditional coverage and Christoffersen's test of conditional coverage were used for testing the validity of the approach. Despite the fact that the traffic light approach was assigned by Basel Accord, the Kupiec's test of unconditional coverage was chosen, because it is equally important for the bank whether the approach overestimates or underestimates the real level of market risk because in that case it additional capital is unnecessarily allocated which has negative impact on its profitability. The difference between the Kupiec's test and the traffic light approach is in the fact that the Kupiec's test is based on a two-sided test and the traffic light approach is based on a one-sided test. This is why we believe that the Kupiec's test is more suitable for the banks. Christoffersen's test of conditional coverage was chosen because it is a test which is simple and easy to implement but at the same time it tests both features which a perfect VaR approach must satisfy simultaneously (both unconditional coverage and independence).
Since these tests are based on certain asymptotic arguments, conclusions that were reached based on them need to be verified. This is why the Dufour (2006) Monte Carlo testing technique was used. Results of conducted simulations suggest that the VaR forecasts obtained by this approach can be trusted and that this approach can be reliably used in the emerging markets in terms of the Basel Committee's rules. Since in the case of market index BIRS for VaR estimates made for the level of trust of 99 % no exceedings were detected during the backtesting period it was not possible to conduct a simulation. This is why future researchers need to test the validity of the approach (once again) on this or on similar markets but for a different (or a longer) backtesting period. As the academic community insists on the use of AR(p)-Student-t-GARCH(1,1) model instead of the normal AR(p)-GARCH(1,1) model, particularly for more extreme (1% or less) VaR thresholds, future researchers are left to test the applicability of the specified (improved) approach. 
